Hanushek and Kimko's (2000) analysis of the relationship between growth and schooling quality, as measured by scores in international tests, suffers from potential endogeneity as schooling quality is not always measured at a date strictly prior to the observed growth. Taking account of another fifteen years of growth and approximately twice as many test score results, we investigate two alternative ways to fix this problem. First we treat the data as a panel, relating growth only to test scores at earlier dates. Second, we instrument actual test scores by adjusted scores that take out the estimated effect of per capita growth since 1963. In both cases we find the effect of schooling quality on growth to be statistically significant but substantially smaller than that reported by Hanushek and Kimko (2000) and Hanushek and Woessmann (2007) .
Introduction
Human capital is central to theoretical and empirical models of economic growth. In empirical analysis human capital is most commonly represented by measures of time spent in education. Particularly in a cross-country data set, however, pupils may acquire differing amounts of skill and knowledge from a given period in education, so it would be preferable to have a direct measure of knowledge acquired. Internationally standardized tests of student performance provide comparable cross-country measures, and they reveal significant differences in achievement for the same number of years spent in school. This paper focuses on the relationship between these test scores and economic growth. Hanushek and Kimko (2000) provide evidence that average scores in these tests have strong effects on growth in a cross-country sample. They use data from six international tests of student performance in mathematics and science. In their basic cross-section regression for average per capita GDP growth 1960-90 for 31 countries, Hanushek and Kimko (2000, Table 2, p.1190) [hereafter HK] find these test scores to be extremely significant, and to perform better than measures of the quantity of schooling. Moreover the estimated effects of educational quality are strikingly large: a one-standard deviation increase in educational quality is estimated to increase per capita growth by 1.4 per cent per annum. The exercise is extended to fifty countries and forty years of growth by Hanushek and Woessmann (2007) [hereafter HW], with similar results. Other authors (Woessmann, 2002 (Woessmann, , 2003 Bosworth and Collins,2007; Jamison et al., 2007) have since confirmed these findings (see Hanushek and Woessmann, 2008 , for a survey).
A key data limitation is that international tests of school performance are infrequent, with few countries involved in the earlier part of the 1960-90 period over which growth was measured. In response to this, both HK and HW aggregate the performance of each country in all tests entered, at whatever date, to generate a single measure of "labour force quality" over the growth period. The advantage of this approach is that, through averaging, it reduces the downward bias caused by measurement error in school performance in any one round of tests. The disadvantage is that, because many countries only participated in later years, in many cases this procedure allows test performance at a later date to explain economic growth that occurred mostly or even entirely over an earlier time interval. For example, HK use Mozambique's tests scores from 1991 to explain the country's growth in the period 1960-90. HK justify this procedure by assuming that schooling quality changes slowly over time. However there is clearly a problem of potential endogeneity here, because test scores at any date are strongly related to the level of per capita GDP (e.g. for 2003 test scores the correlation is 0.58). Countries with faster growth over decades will have higher per capita GDP at the end of the period, so average test scores will suffer some endogeneity bias for these countries, particularly if they did not participate in the earlier rounds of testing. Hanushek and Woessmann (2009) address such concerns over causality in a number of ways. First, they instrument test scores using institutional features of schooling systems. Second, they compare earnings of US migrants who are educated in the US to those who were educated in their home country. They also estimate a difference-in-difference model relating differences in test scores over time to differences in growth rates. In a similar vein to our approach, they relate growth over the period 1980-2000 to pre-1980 test scores. The relationship between test scores and economic growth is robust to all four specifications and they argue that this provides evidence of a causal relationship. This paper contributes two more tests of causality, further strengthening the findings that test scores are significantly related to economic growth.
The HK approach to measuring test scores contrasts with the now-standard procedure for the number of years of schooling, where demographic information is combined with past data on years of schooling to produce an average estimate for the whole labour force, rather than just new entrants (Barro and Lee, 1993) . Lack of a sufficient run of data prevents such an approach for test scores, but a good first step is to relate test scores to growth only at a strictly later date. This resolves the potential endogeneity problem and also implies that the test scores should be a more accurate measure of the average knowledge of the labour force during the period over which growth is measured. This is the innovation of this paper. Using this procedure, we find that the estimated effect of test scores on five-year average growth rates at various lags is statistically significant but rather weaker than that reported by HK and HW. The estimated effects are of similar magnitude to theirs only when we relate test scores to growth at an earlier date, a result which explains their higher cross-section estimates and may reflect the endogeneity bias just discussed.
An alternative to this procedure is to instrument test scores in the cross-section regression to eliminate the endogeneity bias. We use as an instrument an estimate of what test scores would have been at the beginning of the data period; we describe the construction of this instrument below. When we re-estimate the cross-section growth regression by instrumental variables in this way, and using growth data from the latest version of Penn World Tables, the estimated impact of test scores is similar to that obtained using lagged growth rates in a panel.
The paper proceeds as follows: Section 2 reviews the existing literature on empirical growth studies that incorporate human capital. Section 3 presents results that relate test scores to growth at a strictly later date, treating the data as a panel. Section 4 presents some new instrumental variable cross-section results, and Section 5 concludes. 1 Other tests exist, such as the OECD programme for international student assessment (PISA), the International Adult Literacy Survey (IALS) and the Adult Literacy and Life skills (ALLS). Hanushek and Kimko (2000) use these to construct a measure of labour force quality.
Test scores as measures of human capital
They draw from six studies, conducted in 1963/64, 1970, 1982, 1985, 1988 and 1991, which consist of twenty-six performance series (rounds), all with differing ages of participants and component tests. This generates a score for each country in each round in which it participates. Since these scores are not strictly comparable across rounds, HK multiply them by a round-specific constant that ensures that the cross-country mean in each round is 50; they then average these adjusted scores by country to create a countryspecific measure of labour force quality at all dates, denoted QL1 (see the Appendix for a full listing of QL1 by country). Thus this variable measures school performance relative to the other countries that participated in the same rounds of tests, and will be affected to some extent by which countries participated. Additional variables in the baseline regression, which uses a sample of 31 countries, are initial income, population growth and the Barro-Lee measure of quantity of schooling.
HK find that the quality measures have positive and significant effects on growth, although the magnitude is rather high (a ten-point increase in test scores is associated with 1.34 percentage points of additional growth). These findings are robust to the inclusion of additional variables, following Levine and Renelt (1992 as separate, also finds that quality of schooling is more important for growth than quantity.
The Model
Hanushek and Kimko (2000) Tables (6. 2), enabling the period to be expanded to incorporate data up to 2004. Population growth is an average of all possible data points in the period, rather than an average of the various subsets of years.
The model is similar to that estimated by HW using growth data from 1960 to 2000. 
A unit of time is a five-year period, so it G refers to the average annual growth rate over five years. We consider a variety of lags of test scores, with x varying from 0 to 3 (corresponding to lags of 0 to 15 years). Thus, for tests taken in 1970, growth is measured over 1971-75 when x=0, 1976-80 when x=1, 1981-85 when x=2, and 1986-90 when x=3. 2 To gain insight into the differences between our results and those of HK, we also consider negative values of x, namely -2 and -1 (where the growth period commenced respectively ten and five years before the testing year). Per capita GDP and schooling are measured at the end of the previous period. Table 1 gives some basic statistics on mean test scores and growth rates, and the standard deviations. The average GDP per capita growth rate for countries in our sample (see appendix 6.1 for a full list) is 2.11% over the period 1960-2000. The average test score is 49.72 marks, with a standard deviation of 10 marks and the average number of years schooling received is 7.66, with a standard deviation of 3.9 years. The population of the sample grew by 1.45% over this period.
It is never possible to use the complete set of test score data in one regression. Even with The pattern that we expect to see is that the effect of test scores on growth is zero when growth leads test scores (x<0), but becomes increasingly positive with increasing lag length (x>0), as the labour force increasingly reflects the effects of schooling. This is because a permanent change in educational attainment initially only affects new entrants to the labour force, so its impact on growth should increase as the proportion of the labour force with higher educational attainment expands. Ideally this implies that a longer lag is better, other things equal, but the disadvantage is the loss of observations.
Estimates with time fixed effects are presented in Table 2 , with the impact of test scores on growth evaluated after various lag lengths. Column (1) shows the impact when it is assumed to be contemporaneous. Columns (2)-(4) impose a lagged effect. Columns (5) and (6) relate test scores to past growth rates (included only for illustration of the effect of such misspecification). Standard errors in parentheses (significant at 0.01***, 0.05**, 0.10*). See footnote 2 for further information about dates of tests and growth periods.
In Table 2 In Table 3 , we expand the growth period to ten and twenty years with no lag. The estimated effects of statistically significant but only about half the size of those of HK. 
Number of Countries

24 24
Standard errors in parentheses (significant at 0.01***, 0.05**, 0.10*). See footnote 2 for further information about dates of tests and growth periods.
The impact of test scores falls but remains significant as the growth period increases, declining to a 0.3% points increase in growth rates for a ten point increase in average test scores.
A further econometric issue arises over possible unobserved country-specific factors -the α i in equation (2). These can be purged from the estimates by using country fixed effects, removing some potential omitted variables bias 3 . However, this estimation comes at a serious cost -it means that we cannot use the information on long-run cross-country differences in the quality of schooling to gauge possible effects on growth, which makes the results less comparable with those of HK and HW. Instead, we will be reliant on temporal variations in school quality between tests. These will aggravate potential measurement error -which may be substantial since the tests at different dates were not identical. Consequently, we report results using both one-way (time) fixed effects (which impose the constraint that all α i = α) and two-way fixed-effects. Table 4 shows the results with country-specific fixed effects as well. In this case test scores are not significantly related to growth in any specification except that with a fifteen-year lag. However, the magnitude of the impact of test scores with a fifteen-year lag is comparable to the numbers obtained from the pooled cross-sections. The estimated effect of a ten-point improvement in average test scores is to increase per capita growth by 0.72 percentage points fifteen years later. Standard errors in parentheses (significant at 0.01***, 0.05**, 0.10*). See footnote 2 for further information about dates of tests and growth periods. Table 5 shows the results of the two-way fixed effects regression with an expanded time period. Test scores emerge insignificant in all specifications. Standard errors in parentheses (significant at 0.01***, 0.05**, 0.10*). See footnote 2 for further information about dates of tests and growth periods.
Some new instrumental variable cross-section estimates
In this section we re-estimate the cross-section regression of HK over a longer data period than they used (but the same as that used above), both with and without updated test score data, using instrumental variable techniques to eliminate the suspected endogeneity from the model. The source of the endogeneity in test scores is the influence of previous growth on education quality. There is a strong (positive) relationship between a country's score in any particular round of tests and its per capita GDP. We use this to construct an estimate of what a country's score in that particular round would have been, if its per capita GDP had been as it was at the beginning of the period over which growth is measured. This gives us a measure of test scores that is purged of the component attributable to the growth that we are trying to explain. We then use these adjusted test scores as an instrument for the actual test scores.
To create this measure we first estimate the influence of (log) GDP per capita on test scores pooled across all years, after controlling for unobserved variation over time. To do so we regress (log) GDP per capita on test scores (TS) in the same year and a dummy for each round of tests, as such:
3) ( ) The next step is to adjust test scores using equation (3) We then adjust TSA, as HK do, so that its mean is 50 marks in every round of tests, before re-calculating the average test score for each country. 4 We then use this adjusted country average as an instrument for the original country average test score.
The results are presented in Table 6 . The first column of Table 6 uses data up to 2000, as in Hanushek and Woessmann (2007) . The sample is expanded to 42 countries using the expanded TIMSS data. The growth rates are drawn from the Penn World Tables v6.2, in contrast to HW who use version 6.1, which leads to a lower coefficient on the OLS estimates. The results for test scores are consistent with those found in the panel estimates, with an additional average test score of 1 point adding 0.060 percentage points to growth. In the second set of results in Table 6 , we repeat the exercise using PPPadjusted growth data up to 2004. The test score coefficient is slightly larger, and again close to that obtained in Table 1 , with an additional average test score of one point adding about 0.0725 percentage points to growth. Estimating the reduced form of the relationship, we find an additional adjusted average test score of one point adds 0.051 percentage points to growth.
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Conclusions
Hanushek and Kimko (2000) and Hanushek and Woessmann (2007) estimate strikingly large effects of school test scores in a cross-country growth regression.
Although their methodology reduces measurement error, their estimates are open to the charge of endogeneity bias, because the test score data do not predate the period over which growth is measured, and countries with higher per capita GDP score consistently better in any particular round of tests. Other things equal, therefore, test scores of fastergrowing countries will be pushed up by this effect.
We have considered two ways of addressing this problem. One is to treat the data set as a panel, with growth measured over five-year periods five, ten or fifteen years subsequent to the tests. The results vary depending on whether country-specific effects are included.
Without such effects, there is a significant positive impact on growth if the relationship is contemporaneous or has a lag of five or ten years. However, a fifteen-year lag is arguably more plausible and gives a significant effect only when country fixed effects are allowed for. The estimated effect of test scores on growth is only about half that reported by Hanushek and Kimko (2000) , whose results seem to be driven by very large effects when growth is regressed on subsequent test scores. These large estimates for subsequent test scores suggest that our reduced estimates are not just the result of greater measurement error bias. 
